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Abstract 
This paper is, to my knowledge, one of the first ever to examine the effectiveness of price 
momentum trading strategies applied to cryptocurrencies. Using aggregate OHLCV (Open, High, 
Low, Close, Volume) data on cryptocurrency pairs from Poloniex, Bittrex, and Bitfinex, I apply 
Jegadeesh and Titman’s classic 𝐽-month/𝐾-month momentum trading strategy, reporting annual 
returns with and without incorporating trading fees. Portfolios are resampled daily, weekly, and 
monthly, testing lookback and holding periods ranging from one day to one year. The results show 
that trading cryptocurrencies using momentum strategies derives returns that rapidly increase the 
more often portfolios are resampled, with the exception of weekly portfolios. However, after 
incorporating trading fees, returns between high and low frequency 𝐽/𝐾 portfolios become more 
comparable, though daily strategies still bring the highest fee-adjusted returns at about 10% 
annually. This paper adds to the very limited research on momentum factors within the 
cryptocurrency market. 
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I. Introduction 
When an anonymous programmer published his paper, ‘Bitcoin: A Peer-to-Peer 
Electronic Cash System’ under the pen name Satoshi Nakamoto in November of 2008, the 
world of financial programming caught on fire. This paper laid out the theory and 
mathematics behind a new type of immutable, decentralized ledger, called the blockchain, 
which could independently verify any transaction carried out on its infrastructure without 
risk of being compromised. To incentivize users to allocate their computer power to verify 
these transactions, Satoshi proposed rewarding them with a virtual currency, which he 
dubbed Bitcoin. Though digital, this currency could not be counterfeited, printed, or stolen, 
because its location and value was also verified via the blockchain. As long as an individual 
kept their identification code for transferring Bitcoins safe, it would be impossible for that 
individual to lose their Bitcoin.  
Though the implications of a purely digital currency are multifaceted, the most obvious 
use-case of this new digital currency is its black market applications. Due to the anonymous 
and digital nature of cryptocurrency, an individual can quickly send money anywhere in 
the world securely and quickly without any government interference. As a result, Bitcoin 
became immediately popular in Eastern countries such as China and South Korea, where 
strict currency controls make legitimately moving large sums money out of the country 
difficult (Cowen, 2013). More recently, cryptocurrency adoption in Venezuela has 
exploded as citizens have begun to use Bitcoin to make purchases in a country where the 
national currency, the Bolivar, is virtually worthless and the dollar is hard to come by 
(Rands, 2017). 
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In addition to its useful ability to bypass currency controls, Bitcoin has been extremely 
popular as a payment method for illicit goods, as due to the nature of the blockchain it is 
easy to keep transactions anonymous. This use-case has remained the most popular source 
of cryptocurrency purchases in the western world for years (Marcus, 2016). 
Despite these uses for cryptocurrency, there is no reason to say why a Bitcoin should 
be worth $0.01 or $1000. Bitcoin has no cash flows, business proposals, or projects to 
value. As a result, the value of a Bitcoin, whose amount is fixed at 21 million, is based 
solely on what one is willing to pay to buy one. With no peg or reference to base its price 
off of, the value of a Bitcoin has vacillated wildly over the past few years, though it has 
inexorably trended upwards. This price volatility received great public attention in 
December 16, 2017 when the price of one Bitcoin shot upwards to $20,000, and, though 
decreasing to $7,000 a few months later, was still up over 7x year-to-date (Bitcoin.com).  
In fact, many who buy bitcoin and its over 1,000 competitor cryptocurrencies do so not 
to actually use the currency, but rather to hold it as a tool of speculation. There exists a 
dominant culture of refusing to spend or transfer bitcoin, known as “hodling” (Langlois, 
2018). In fact, outside of the black market, cryptocurrency has yet to catch on in developed 
countries as a means of exchange. Yet, this has not stopped hundreds of cryptocurrency 
exchanges from being created, with the largest, such as Binance or OKex, doing billions 
of dollars in trading volume each day (coinmarketcap.com, 2018). These exchanges are 
largely unregulated, and smaller coins can change in price by thousands of basis points 
during the course of a single day. Pump-and-dumps are common, and so-called ‘scam-
coins’, with fraudulent white-papers that promise miracles, are rife. A prominent example, 
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Bitconnect, boasted a market cap of $2.6 billion, putting it in the top 20 coins by market 
cap, before it was shut down due to being a pyramid scheme (Mix).  
How, then, do these investors choose which coin to invest in? Though some invest on 
the capabilities of a coin, detailed in the whitepaper provided on launch, the vast majority 
invest because they believe their coin will increase in price, and soon. Crypto day-traders 
trawl twitter for investor sentiment and trade purely on where they believe the hype is 
leading the crowd. As a result, the state of the current cryptocurrency market is one of 
massive price swings, clear gains to be had for those who can trade off of the volatility. 
Though the traditional instruments used to profit off of volatility, such as trading 
options, are unavailable to the cryptocurrency trader, there exist other methods which can 
take advantage of volatility, such as momentum trading, which provides higher returns on 
investments that have high idiosyncratic volatility (Yan, 2008). 
A momentum strategy uses past price history to predict future prices. A momentum 
trader will purchase stocks that do well and sell short those that do poorly, believing that 
stock prices carry inertia, and that price movements will continue in their current direction 
for a while. As cryptocurrencies cannot be given valuations or price targets based on any 
fundamental analysis, the will of the crowd is the sole source of their price movement. In 
addition, momentum is especially apparent the shorter a window one looks at (Chang 
2012).  
I examine the price history of three exchanges, Poloniex, Bittrex, and Bitfinex, 
analyzing whether a momentum trading strategy could capture excess returns. To do so, I 
apply Jegadeesh and Titman’s (1993) classic momentum trading 𝐽, 𝐾 strategy, using 
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lookback periods of days, weeks, and months with daily data to see which length of time 
has the most momentum to profit off of. Defining 𝐽 as the lookback period and 𝐾 as the 
holding period, this strategy buys the top performing decile of currencies and shorts the 
bottom performing decile to create portfolio 𝑃 at time 𝑡. It then maintains this portfolio 𝑃 
for a 𝐾 holding period. Portfolios are closed out in time period 𝑡 + 𝐾. In addition, all 
portfolios are rebalanced at each time 𝑡 to maintain equal weights.  
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II. Literature Review 
While momentum trading is a widely studied phenomenon, first drawn attention to by 
Jegadeesh and Titman (1993) in their landmark paper, there is yet a paucity of literature 
that applies such strategies to trading cryptocurrencies. With a combined market cap 
approaching half a trillion dollars and the largest currencies seeing billions of dollars 
trading hands every day (Coinmarketcap.com), I was somewhat surprised that there had 
only been one study applying momentum trading strategies to trading these digital 
currencies, of which currently over 1200 exist (Rohrbach et al., 2017).  
 Recent research has revealed that younger and less experienced investors are more 
likely to be influenced by market sentiment, more easily buying into bubbles (Greenwood, 
2009). Furthermore, Sorenson (2009) finds the same experience effect among VCs, with 
the more experienced performing better. In addition, Baker and Wurgler (2009) point out 
that the more difficult a stock is to value, the more vulnerable it is to investor sentiment. 
Such results are valuable because, though polls are difficult to implement effectively due 
to the anonymous and decentralized nature of the blockchain, studies have pointed to an 
average investor age between 18 and 33 (Bohr & Masooda, 2014; Irn-Bri, 2016). The 
young age of these investors, of which among American investors 70% are men and just 
about half are minorities, make them more susceptible to underreacting to news, making 
profits off of momentum trading more likely (Leinz, 2018). 
These currencies are highly volatile and trade on exchanges with trading fees that 
average around 20 basis points, sometimes lower, making them prime targets for an 
effective momentum strategy. As Rohrbach et al. (2017) show, momentum strategies 
focused on the top seven cryptocurrencies at the time can bring annual returns of over 50%. 
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However, liquidity constraints, a difficulty finding exchanges which allow short selling, 
and the young age of these cryptocurrencies adds to the difficulties of adopting such 
strategies.  
Perhaps the most difficult issue is the lack of short selling opportunities, as only a 
few exchanges allow margin trading, with the vast majority only allowing standard limit 
and buy/sell orders. Rohrbach et al. incorrectly states that only three exchanges allow 
margin trading as of 2017. There are more, including some of the largest exchanges, such 
as Okex, though this exchange and others do not allow US nationals to trade on their 
platform (OKEX, 2018). In fact, the majority of cryptocurrency trading occurs on 
exchanges outside the reach of United States nationals, making it vital to examine foreign 
exchanges as well (Russo, Migliozzi, & Sam, 2017). It is important to note that these 
exchanges can have wildly different and constantly changing trading fees, including 
sometimes large withdrawal fees, making trading across exchanges a daunting proposition. 
Due to these issues, Rohrbach et al. did not account for liquidity or fee differences across 
exchanges in their momentum analysis.  
In addition, Rohrbach et al. only account for seven of the most popular coins. This 
limitation may be more reasonable for coins that have only existed for a short time, but 
there are plenty of coins that have existed for several years, and, due to the nature of the 
blockchain, their pricing history is freely and easily available.  
Finally, Rohrbach et al. only account for cryptocurrency-USD trading pairs. In my 
opinion, this eliminates many opportunities to take full advantage of the momentum 
strategy, as pairs between cryptocurrencies make up the majority of the market, as most 
cryptocurrencies can only be purchased by another cryptocurrency.  
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Osterreider et al. (2016) examine the correlation of a selection of six 
cryptocurrencies, showing a surprisingly modest correlation, with those coins that have the 
most similar technical components showing the highest correlation. In addition, this 
correlation seems to vary over time, with correlation between bitcoin and other currencies 
even becoming negative in the second half of 2016.  
Osterreider et al. also attempt to come to a VaR and expected shortfall measure for 
the selected cryptocurrencies. This I believe to be very difficult given the extreme impact 
of rare events on their price. Even taking into account that these measures are most likely 
understating the maximum loss on these cryptocurrencies, they show huge possible losses, 
estimating that one can expect to lose over 12% in one day every 20 days of trading on 
some of the most risky cryptocurrencies. Perhaps one of its most important conclusions is 
that annual cryptocurrency volatility can exceed 100%. As momentum trading does best in 
more volatile circumstances, I believe this is further evidence I am targeting a highly 
interesting area of study. 
While Jegadeesh and Titman (1993) define short-term momentum as 6-12 months 
of performance, in the world of cryptocurrency I will be analyzing momentum trading on 
extremely short-term price movements. Namely, monthly, weekly, and daily changes. 
Given the extremely low trading fees cryptocurrency traders enjoy, there is a much smaller 
price barrier to such strategies. It is my belief it is due to these trading barriers in more 
mature markets that not much literature exists that explores trading below one-month price-
movement strategies. However, those that do examine trading on monthly data found 
excess returns (Lehmann, 1990; Lo and Mackinlay, 1990; Jegadeesh, 1990; Jegadeesh and 
Titman, 1995). 
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III. Data and Methodology 
I pull OHLCV (Open, High, Low, Close, Volume) data from Poloniex, Bittrex, and 
Bitfinex, several of the largest American exchanges, in daily increments from March 2015 
to March 2018.  
Selected primarily for their easily-accessed data through the exchanges’ respective 
API’s, these exchanges are nonetheless good samples to pull from. Bitfinex is currently the 
largest western exchange, experiencing daily trading volume of just under $900 million. 
Bittrex and Poloniex are smaller, yet still sizeable, with daily trade volumes of around $250 
million and $100 million, respectively (coinmarketcap.com, 2018).  
After aggregating the data from these exchanges, I then analyze the data set using 
python, constructing a program which closely imitates Jegadeesh and Titman’s d𝐽/𝐾 
momentum strategy (1993). Please refer to subsection B, Trading Strategy, for further 
elaboration. 
 
Table I 
Data Snapshot 
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A. Limitations 
The obvious limitation with this data set is its small time series. Compared to traditional 
equities, which have daily data going back to the 1960s, just a few years of data can raise 
concerns about the predictive power of this paper’s data set. However, when dealing with 
cryptocurrencies one has to accept that, due to the newness of this technology, any price 
analysis with have to make do with only a few years of data. In addition, though data is 
pulled from 2015, trading volumes are minimal, except for bitcoin, until mid-2016. 
Also, exchanges do not make buy and sell volume easily accessible, instead 
aggregating the two. This makes any analysis on changes in sell and buy demand difficult. 
However, third party datasets are available which specify buy and sell volume, making 
such analysis possible for future investigations. However, these parties aggregate their data 
from multiple exchanges, making the results of such investigations difficult to implement 
in any practical sense.  
When constructing my portfolios, I make no account of slippage or time-delay of 
orders. When trading a pair that is not denominated in USD, such as a dual-cryptocurrency 
pair or a crypto-EUR pair, it is assumed that when the position is closed that it is 
immediately cashed to USD at the current exchange rate. However, depending on the 
currency pair held, in reality more than two trades may have to be made in order to obtain 
and subsequently close a trading pair denominated in USD. As a result, buy-sell fee 
portfolios will slightly underestimate the full impact of commissions when these specific 
trades are made.  
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When selecting an appropriate commission to simulate for my aggregate data set, I 
decided to take an average of Poloniex’s, Bitfinex’s, and Bittrex’s trading fees. While 
Bittrex charges a flat .24% fee on all trades (Bittrex.com, 2017), Poloniex and Bittrex 
charge on a sliding scale, which can be referenced in table II. 
Taking into account these various fee structures, a maker fee of .15% and a taker 
fee of .23% was applied, assuming for the purpose of the study that an investor would be 
generating just over $500,000 of trade volume a month.  
One may notice that Poloniex’s fee reduction thresholds are significantly higher 
than Bitfinex’s, with a minimum trade volume of $4,800,000 every thirty days required to 
receive a .01% reduction in fees. This is a result of bitcoin’s skyrocket in price over the 
last few months, which Poloniex has not chosen to reflect with an updated fee schedule. 
Such problems are common among cryptocurrency exchanges, especially among 
withdrawal fees, which are often denominated in a flat percentage of the cryptocurrency 
Table II 
Exchange Fee Schedules 
Information as of April 2018. Note that currently one bitcoin is worth ~$8,000 (Poloniex, 
2016; iFinex Inc., 2018) 
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withdrawn that take weeks to be lowered if that currency skyrockets in price. As a result, 
withdrawals from exchanges can be expensive, cumbersome, and lengthy to process.  
 Therefore, another limitation of this study is that it does not account for arbitrage 
opportunities across exchanges. In addition to the limitations outlined above, transferring 
cryptocurrency across exchanges can take a large amount of time due to network 
congestion, especially when moving bitcoin, due to its popularity. More recently, clients 
have seen difficulty withdrawing from American exchanges as they place holds on 
accounts to conduct security checks due to an increasing government interest in 
cryptocurrency trading (Williams-Grut, 2017). As a result of these practical limitations, 
this author considered accounting for arbitrage opportunities across exchanges unnecessary 
at this time.  
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B. Trading Strategy 
To calculate my results, I use Jegadeesh and Titman’s 𝐽/𝐾 strategy with several 
modifications (1993). This method was chosen because Jegadeesh and Titman’s 1993 
study is considered a seminal work in the field of momentum trading, and its 𝐽/𝐾 portfolio 
trading strategy has been replicated in a number of other papers, making the results of this 
study broadly comparable against others in the field.  
At time 𝑡, all coins are placed in one of 10 deciles as defined by their performance 
over lookback period 𝐽. This performance is calculated by finding the percent change 
between the price at time 𝑡 and the price at time 𝑡 − 𝐽. After these calculations are made, 
equally weighted portfolios are purchased or short sold of the coins found to be in the top 
and bottom deciles, respectively. However, unlike Jegadeesh and Titman, I add a qualifier 
that coins are only added to their respective portfolio if their price movement is positive 
for top decile coins, or negative for bottom decile coins. The purpose of this change is to 
help avoid the effects of an overall rising or falling market and isolate idiosyncratic 
momentum. In addition, if a coin’s volume is too small to be purchased, it is skipped over, 
even if it has exhibited large momentum.  
The purpose of this change is to keep the numbers more realistic in a market 
environment where the majority of assets being traded are of a lower market cap than what 
is expected when trading equities. For the purposes of this study, Quarterly portfolios use 
lookback and holding period increments of 90 days, weekly portfolios use 7 days, and daily 
portfolios use 1 day. Portfolios are rebalanced monthly for quarterly strategies, weekly for 
weekly strategies, and daily for daily strategies.  
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IV. Results 
A. Returns 
This section examines the performance of a 𝐽/𝐾 strategy, defined in section IV, when 
applied to an aggregated universe of cryptocurrency pairs hosted on Bitfinex, Bittrex, and 
Poloniex. Consistent with literature, this paper found that the higher the holding and 
lookback period frequency, the higher the returns generated before fees, with the highest 
being the 𝐽 = 5, 𝐾 = 5 days portfolio, with a 46% annual return (Chang 2012). However, 
when applying a maker fee of .15% and a taker fee of .23% per trade, these returns are 
significantly diminished, to a 13% annual return.  
It is important to note that higher frequency portfolios will more easily meet the volume 
requirements for lower fees. With automated strategies in particular, an investor could find 
meeting Bitfinex’s 30-day $30,000,000 trading volume minimum for 0% maker fees and 
.1% taker fees quite easily, meaning that both the fee-less and fee-inclusive return are worth 
accounting for. Though, trading at such volume will aggravate slippage. Estimating 
slippage is difficult in the cryptocurrency markets because historical order book data is not 
easily available. The exchanges provide access to a stream of order book data, but historical 
compilations run into the thousands of dollars and can only be purchased from third parties 
(Kaiko Data, 2018). In addition, as this paper aggregates data across separate exchanges, 
order book estimations would not be applicable to any individual exchange. Yet, taking 
into account that high-volume trading is most strongly rewarded on Bitfinex, a focus on 
that exchange reveals that a $100,000 bid results in an average .062% change in price, and 
a $100,000 ask results in an average .038% change in price, when analyzing order book 
data for April 21, 2018 (iFinex Inc., 2018). Assuming a trader is rebalancing their portfolios 
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daily and trading in at least ten pairs a day in amounts of $100,000 per trade, this would 
result in total fees and  slippage amounting to .062% maker fees and .138% taker fees, 
significantly below the fee estimations used in this paper. 
Furthermore, all lookback and holding periods produce significantly positive returns. 
In addition, sell portfolios consistently post negative price movement, despite the broad 
upswing the cryptocurrency market has experienced up until 2018, suggesting that past 
prices can accurately predicted future prices. Five-day lookback portfolios perform the best 
no matter the holding period, however the two-day holding period appears to have the 
highest overall performance compared to other holding periods.  
Table III 
Absolute Daily Returns 
This table reports the average daily return of 𝐽, 𝐾quarter portfolios, ranked in ascending order as indicated 
in the first column and row. Sell portfolios are composed of the equally-weighted bottom-performing 
decile of cryptocurrencies as determined by 𝐽-lagged returns at each time 𝑡, where 𝑡 is defined as one day 
for all daily portfolios. As these results were determined using daily data, annual returns are calculated 
using the formula (1 + 𝑟)ଷ଺ହ − 1, where 𝑟 refers to average daily return. For more information please refer 
to section IV. The fee section accounts for a .15% maker fee and a .23% taker fee. 
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 The worst performing portfolios, surprisingly, were those composed of weekly 
lookback and holding periods.  Underperforming both portfolios sampled monthly and 
daily, it is unclear why weekly strategies seem to show much less price momentum. 
Perhaps further analysis could drill down into the specifics regarding this 
underperformance.  
  Similar to the daily portfolios, the weekly portfolios’ most profitable holding period 
is two weeks. The most profitable lookback period is five weeks. Thus, a pattern is 
Table IV 
 Absolute Weekly Returns 
Calculated using daily data, the alpha is reported weekly and annualized, using the formulas 
(1 + 𝛼)଻ − 1  and (1 + 𝛼)ଷ଺ହ − 1,  respectively. The values of 𝐽 and 𝐾 for the different strategies 
are shown in the first column and row and are measured in weeks.  
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Figure I 
Aggregated Returns 
This figure presents aggregated return data for 13 portfolio compositions considered to be broadly representative of 
the total 65 performed. Selected portfolios’ 𝐽 = 𝐾, with holding periods ranging from one day to one year. Daily 
lookback and holding periods consistently produce the highest returns, with weekly periods performing the worst. 
However, after adjusting for fees, daily trading strategies perform similarly to quarterly strategies, though still slightly 
better. 
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observed where, consistently for daily and weekly portfolios, the highest returns are found for 
those whom 𝐽 = 2, 𝐾 = 5. Chang found that in the Taiwan stock exchange the most profitable 
daily strategy to trade with was a daily 𝐽 = 𝐾 = 6 strategy , suggesting that different exchanges 
may have different windows which bring the highest momentum  returns (2012). Assuming that 
all markets trade more or less on the same equal access to information, there should be no 
difference across markets for which J/𝐾 window brings the highest returns. Some of this differnce, 
especially in Eastern exchanges, could be due to regulation. For example, Kim and Rhee (2012) 
postulate that government price limits on the Hong Kong exchange, which limit an equity’s change 
Table V 
Absolute Quarterly Returns 
This table reports the average daily return of 𝐽, 𝐾quarter portfolios, ranked in ascending order as indicated 
in the first column and row. Sell portfolios are composed of the equally-weighted bottom-performing decile 
of cryptocurrencies as determined by 𝐽-lagged returns at each time 𝑡, where 𝑡 is defined as one quarter of 
one year for all portfolios. As these results were determined using daily data, quarterly and annual returns 
are calculated using the formulas (1 + 𝑟)ଽଵ.ଶହ − 1  and (1 + 𝑟)ଷ଺ହ − 1, respectively, where 𝑟 refers to 
average daily return. 
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in price of 7% change day over day affect the average order balance, preventing stocks from 
reaching their equilibrium price after the introduction of new information for several days. 
When analyzing quarterly returns, a lookback period of 𝐽 = 2 underperforms 𝐽 = 4, with 
the most profitable strategy being 𝐽 = 4, 𝐾 = 2, effectively an inverse of the most profitable 
portfolios portfolios that rebalance on daily and weekly frequencies, demonstrating that longer 
lookback periods are necessary for a better performance when holding portfolios for periods longer 
than a month. 
B. Subperiod Analysis 
This section looks to see if there are seasonal effects on the performance of the momentum 
portfolios. Previous studies have noted that momentum strategies underperform particularly in 
January (Geske & Roll, 1983).   
Table six reports the average performance for all zero-cost portfolios, finding that all portfolios 
experience drawdowns or extremely low performance on Thursday, losing almost 2% due to 
Thursday drawdowns on a quarterly basis. This underperformance was found to be statistically 
significant. Overall, the beginning of the week and the weekend seem to be the best periods for 
investment. Just as with weekly portfolios, subperiod analysis by week offers less in the way of 
conclusive patters, except that the last week of the month consistently performs the worst. Not 
surprisingly, daily portfolios experience a larger percent change over the course of the week, since 
they rebalance daily, meaning they would be more sensitive to weekly changes in momentum 
efficiency or daily trends.
19 
 
 
 
However, when observing portfolio performance by month, one observes a distinct lack of 
January effect. Perhaps paradoxically, the worst performing months were both in the summer: June 
and July, with all portfolios decreasing in value during July at statistically significant levels. 
October also saw statistically significant drawdowns, suggesting a seasonal pattern where 
cryptocurrencies experience drops in value in the middle to later portions of the year.  
Table VI 
Average Return by Day 
This table contains average daily, weekly, and quarterly performance for all back-tested 𝐽/𝐾 strategies, 
grouped by day of the week. The sample period is March 2015 to March 2018. T-statistics are marked 
in parenthesis, and starred if significant at the 5% level. They are computed on the null hypothesis that 
returns on one day of the week are not significantly different than returns on all other days of the week. 
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Table VII 
Average Return by Week 
This table contains average daily, weekly, and quarterly performance for all back-tested 𝐽/𝐾 strategies, 
grouped by week of the month. The sample period is March 2015 to March 2018. Week 0 is defined as 
a week that starts in the previous month, while week 5 is defined as the week that ends in the next month. 
Statistically significant t-statistics are starred. 
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Table VIII 
Average Return by Month 
This table contains average daily, weekly, and quarterly performance for all back-tested 𝐽/𝐾 strategies, grouped by 
month of the year. The sample period is March 2015 to March 2018 and statistically significant t-stats are starred. 
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C. Adjusting for Risk 
In order to obtain risk-adjusted returns, all strategies were regressed against the S&P 500 
to calculate a market alpha and beta. However, this is an imperfect comparison for a number of 
reasons. First and foremost, in order to regress cryptocurrency against the market one must drop 
one-third their cryptocurrency observations, as the S&P only trades 252 days out of the year. Even 
after doing so, the regressions are so noisy as to be useless, with 𝑅ଶ exactly zero or approaching 
zero in every regression. Regressions for monthly returns derive similar results. In addition, the 
reported betas were also very small, approaching zero. However, in the interest of robustness, these 
regressions are reported in appendix A.  
In addition, all strategies were also regressed against a custom benchmark composed of the 
top 500 cryptocurrencies weighted by market cap. These regressions resulted in a higher 𝑅ଶ, 
ranging around .3 for all strategies, but similarly small betas to the market regression.  In addition, 
alphas were much smaller.  One reason for this disappointing result is because the cryptocurrency 
market is dominated by one or two currencies, Bitcoin and Ethereum which combined account for 
over 80% of the cryptocurrency market’s size (coinmarketcap.com, 2018). As a result, this 
regression acted more as a proxy regression on the performance of Bitcoin and Ethereum, meaning 
the low alphas were unsurprising considering both those currencies have experienced price growth 
in excess of 500% over the past year (Coindesk, 2018). Perhaps the best takeaway from this 
regression is that the momentum strategies performed quite differently than these two main 
currencies, in some occasions posting large gains in months where Bitcoin and Ethereum saw 
drop-offs, such as March of 2018.  
Though such performance may be a vindication that the momentum strategies are more 
resilient to market drop-offs—especially when portfolios were resampled at high frequencies—
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the only conclusive interpretation of these regressions is that a market-cap-weighted index of 
cryptocurrencies also serves as a poor measure of risk-adjusted returns. Further study should focus 
on how a proper cryptocurrency benchmark should be constructed, perhaps incorporating market 
cap but limiting any coin’s dominance using other criteria. Please refer to appendix A for a 
collection of tables detailing the results of the market and custom benchmark regressions. 
D. Principal Components Analysis 
A PCA was performed on the entire universe of 1200 sampled cryptocurrencies to determine 
how many components determined their overall variation. Performing the PCA using daily data 
resampled to obtain monthly data, it quickly became apparent that the vast majority of 
cryptocurrencies do not have enough price history to even provide 18 months’ worth of data. When 
selecting for coins created at least by the first month of 2017, only 213 could meet that criteria. 
The PCA showed that the first component explained 71% of variation, with the next five 
components accounting for 95% of the overall variation. Such a model is more complicated than 
that needed, for example, to explain the variation in returns for German bonds, of which 97% of 
their variation can be explained with only three components (Gueissaz, Isakov, & Zannoni, 2001). 
These results clearly show that cryptocurrency correlation is not so high that winners and losers 
cannot be selected from the overall mix of cryptocurrencies.  
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V. Conclusions 
Momentum strategies often do best in volatile, speculative markets. Even in mature, 
heavily traded markets some momentum strategies continue to capture excess returns (Rohrbach 
et al., 2017). However, the excess returns captured by Jegadeesh and Titman’s (1993) simple 
momentum strategy have long been traded away in American markets, though less mature 
markets still exhibit stronger momentum effects (Jegadeesh & Titman, 2011).  
The primary purpose of my thesis is to demonstrate that in a young, speculative market 
such as that for cryptocurrency, opportunities for momentum profits are rife and ready to be 
exploited. Using aggregated data from three cryptocurrency exchanges, Poloniex, Bittrex, and 
Bitfinex, I apply Jegadeesh and Titman’s J/K momentum strategy to see if excess returns can be 
had. Similar to other studies, I find that momentum strategies produce higher returns when traded 
at higher frequencies, but are subsequently reduced when taking into account trading fees (Chang 
2012). For example, trading a 𝐽 = 𝐾 = 5 days strategy that is rebalanced daily results in 43% 
annual returns before fees and 13% annual returns after fees, which is in line with a momentum 
strategy with a yearlong holding and lookback period, returning around 10% annually after fees.  
It is worth noting, however, that, unlike equity exchanges, some cryptocurrency 
exchanges rapidly drop their fees when trading at higher volumes, though analyzing slippage is 
difficult with no free historical order book data to research. However, rudimentary checks 
suggest that, assuming a trader is rebalancing their portfolios daily and trading in at least ten 
pairs a day in amounts of $100,000 per trade, this would result in total fees and slippage costs  
amounting to .062% of bids and .138% of asks on the Bitfinex exchange, significantly below the 
fee estimations used in this paper, which were a maker fee of .15% and a taker fee of .23%, and 
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the maximum fees charged by Bitfinex for trading volumes below $500,000 a month, currently 
.1% maker and .2% taker (iFinex Inc., 2018). 
Unfortunately, I also find that adjusting these returns for risk is very difficult. Regressing 
the momentum strategies’ returns against the S&P 500 and a custom cryptocurrency index 
composed of the top 500 coins weighted solely by market-cap resulted in minimal betas and 𝑅ଶ 
close to zero. The cryptocurrency benchmark was determined to be so inaccurate due to the 
heavy weight Bitcoin and Ethereum received, over 80% of the benchmark, meaning that the 
equally-weighted momentum portfolios were being regressed over essentially just two 
currencies.  
The controversy over selecting an appropriate cryptocurrency benchmark for risk-
adjustment purposes has been ongoing, with startup indexes such as the CRIX, CCi30, and Bit20 
all claiming to represent the most accurate cryptocurrency index (CCi30, 2018; BTWTY, 2018; 
Härdle, 2018). At this moment, there is more research needed as to what would make an 
appropriate cryptocurrency benchmark. 
In addition, this paper only considers trading pairs available to American investors. A large 
amount of exchanges, due to securities regulation, do not allow American nationals to register, so 
many, in fact, that they make up the majority of cryptocurrency trading volume worldwide (Russo, 
Migliozzi, & Sam, 2017). As a result, this study’s conclusions may only be applied to a small 
sector of the worldwide market for cryptocurrency, and opportunities for further research exist on 
applying these momentum strategies to non-American exchanges. 
Overall, I find that fee-adjusted returns for a 𝐽/𝐾 momentum strategy returns results ranging 
around 10% for strategies resampled daily, around 5% for strategies resampled weekly, and just 
below 10% for strategies resampled quarterly. These returns were calculated based on data from 
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the Poloniex, Bitfinex, and Bittrex exchanges and aggregated assuming no arbitrage opportunities 
across exchanges were available due to practical difficulties in moving funds. In addition, trading 
fees were chosen on the assumption that trading volume was slightly in excess of $500,000 a 
month, and rudimentary analysis suggests trading expenses could be significantly lower when 
trading at higher volumes on exchanges that offer sliding fee schedules, though expenses could 
not be calculated empirically due to lack of data. Returns were not adjusted for risk due to lack of 
an appropriate benchmark, which provides an avenue for additional research. It has been postulated 
that less mature markets deliver higher momentum returns due to their risk, in which case 
momentum gains from trading in the cryptocurrency market should be no surprise and could be 
significantly lower if appropriately risk-adjusted (Rohrbach et al., 2017).  
The 𝐽/𝐾 momentum strategy implemented in this paper, inspired by Jegadeesh and Titman 
(1993), is one of the most rudimentary momentum strategies available. Though selected by this 
author due to its general ability to identify if momentum price trends exist in the market, the 
returns generated by this study should not be taken as the definitive returns available to 
momentum strategies in cryptocurrency. Momentum can be defined not just by price movement, 
but social media posts, changes in trade volume and order imbalances (Garanko & Fedorov, 
2018). As a result, there is ample opportunity for further study in how these momentum 
indicators can predict cryptocurrency price movement.  
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VII. Appendix A 
A. Market Regressions 
This section reports the results of all 𝐽/𝐾 strategy regressions on the S&P 500. Both 𝑅ଶ and 
betas are close to zero for all regressions. Calculated using daily data, the alpha is reported either 
daily, weekly, or quarterly and annualized, using the formula(1 + 𝛼)ே − 1, where 𝑁 = 7 for 
weekly, 91.25 for quarterly, and 365 for annually. The values of 𝐽 and 𝐾 for the different 
strategies are shown in the first column and row and numerated in days for daily tables, weeks 
for weekly tables, and months for quarterly tables.. Portfolios are ranked in ascending order on 
the basis of 𝐽 lagged returns. The sell portfolio is composed of an equally-weighted portfolio of 
stocks who were found to be in the lowest past return decile, while the buy portfolio is composed 
of those in the highest past return decile. Their returns are regressed against the S&P 500 to 
obtain an alpha and beta. 𝑇-statistics are reported in parenthesis.
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Table A. I 
Market Regression of Daily Strategies 
This table reports the results of market regressions on daily momentum strategies, where each 
portfolios 𝐽 lookback days and 𝐾 holding period in days are marked in the first column and 
row, respectively. For more information please refer to the first paragraph of appendix A, 
section i. 
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Table A. II 
Market Regression of Weekly Strategies 
This table reports the results of market regressions on daily momentum strategies, where each 
portfolios 𝐽 lookback weeks and 𝐾 holding period in weeks are marked in the first column 
and row, respectively. For more information please refer to the first paragraph of appendix A, 
section i. 
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Table A. III 
Market Regression of Quarterly Strategies 
This table reports the results of market regressions on daily momentum strategies, where each 
portfolios 𝐽 lookback quarters and 𝐾 holding period in quarters are marked in the first column 
and row, respectively. For more information please refer to the first paragraph of appendix A, 
section i. 
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B. Cryptocurrency Benchmark Regressions 
 
 This section reports the results of all 𝐽/𝐾 strategy regressions on a custom benchmark, 
composed of the top 500 cryptocurrencies and weighted by market cap. Both 𝑅ଶ and betas are 
close to zero for all regressions. Calculated using daily data, the alpha is reported either daily, 
weekly, or quarterly and annualized, using the formula(1 + 𝛼)ே − 1, where 𝑁 = 7 for weekly, 
91.25 for quarterly, and 365 for annually. The values of 𝐽 and 𝐾 for the different strategies are 
shown in the first column and row and numerated in days for daily tables, weeks for weekly 
tables, and months for quarterly tables.. Portfolios are ranked in ascending order on the basis of 𝐽 
lagged returns. The sell portfolio is composed of an equally-weighted portfolio of stocks who 
were found to be in the lowest past return decile, while the buy portfolio is composed of those in 
the highest past return decile. Their returns are regressed against the custom benchmark to obtain  
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Table A. IV 
Custom Benchmark Regression of Daily Strategies 
This table reports the results of market regressions on daily momentum strategies, where each 
portfolios 𝐽 lookback days and 𝐾 holding period in days are marked in the first column and 
row, respectively. For more information please refer to the first paragraph of appendix A, 
section ii.. 
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Table A. V 
Custom Benchmark Regression of Weekly Strategies 
This table reports the results of market regressions on daily momentum strategies, where each 
portfolios 𝐽 lookback days and 𝐾 holding period in weeks are marked in the first column and 
row, respectively. For more information please refer to the first paragraph of appendix A, 
section ii. 
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Table A. VI 
Market Regression of Quarterly Strategies 
This table reports the results of market regressions on daily momentum strategies, where each 
portfolios 𝐽 lookback days and 𝐾 holding period in weeks are marked in the first column and 
row, respectively. For more information please refer to the first paragraph of appendix A, 
section ii. 
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C. Appendix B 
A. PCA Results 
 
 
 
Table B. I 
Principal Components Analysis Results 
The below PCA was run on all cryptocurrencies with historical price data reaching back to January 
2017. As can be seen, only 213 out of 1,200 cryptocurrencies made the cut, emphasizing the explosion 
of interest cryptocurrencies have received in the past year. While the first two components describe 
83% of variation, a total of five are needed to explain 95% of variation among cryptocurrency returns. 
